Cellular Src (c-Src) kinases play a critical role in cell adhesion, proliferation, angiogenesis and cancer. Ligand-based pharmacophore models, used to identify the critical chemical features of c-Src inhibitors, were generated and validated by training, test and decoy sets, respectively. Best pharmacophore model, Hypo1, consists of four features such as HBA, HBD, Hy-Ar and RA. Hypo1 was used in virtual screening of the chemical databases such as Maybridge, Chembridge and NCI. The sorted compounds by Hypo1 were further reduced by applying drug-like properties and ADMET. Totally, 85 compounds which showed the good drug-like properties were selected from three databases and subjected to molecular docking for refinement of the retrieved hits by analysing the suitable orientation of the compounds in the active site of c-Src. Finally, 18 compounds were selected based on consensus scoring and hydrogen bond interactions with critical amino acids such as Met341, Thr338, Glu339 or Asp404. In addition, the Bayesian model was generated from the training set to find suitable fragments for inhibition of the c-Src function. Based on the above finding, we suggested that the Hypo1 and the good fragments from the Bayesian model will be helpful to select the compounds from various databases to identify the novel and potent c-Src inhibitor.
Introduction
Protein tyrosine kinases play an essential role in signal transduction and cellular mechanisms 1, 2 . Src family kinases (SFKs), non-receptor tyrosine kinases, are classified into nine groups that share the similar structure and functions: c-Src (cellular Src), Yes, Fyn, Lyn, Lck, Hck, Fgr, Blk and Yrk. The SFKs consist of Src homology domain 1 (SH1), Src homology domain 2 (SH2), Src homology domain 3 (SH3) and Src homology domain 4 (SH4) 3, 4 . The SH1 domain contains kinase domain with phosphorylates tyrosine residue in the C-terminal. The SH2 domain was found to be a selective domain recognizing the phosphorylated tyrosine residue 5 . This domain is crucial for the regulation of Src activity or binding to other tyrosine proteins. The SH2-linker is located between SH2 and SH1 domains and regulates the Src activity and interacts with SH3 domain. The SH3 domains in c-Src mediated the protein-protein interactions with c-Src itself or SH3 domain via binding to proline-rich peptides 5, 6 . The SH4 domain is located in the N-terminal region which contains a myristoylation sequence important for membrane attachment. Though a vast number of potent and selective compounds toward SFKs are continuously designed and synthesized, still there is a lack of knowledge on critical chemical features of c-Src inhibitors.
c-Src is a 60 kDa cytoplasmic protein belonging to the nonreceptor tyrosine kinase family 7 . It plays various roles in cell signalling mediating signal transduction via interactions with multiple proteins and its complexes. c-Src activity was regulated by the interaction of C-terminal tyrosine (Y530) with SH2 domain. The active (open) and inactive (close) states of c-Src is mainly dependent on the binding of Y530 in the dephosphorylation and phosphorylation states with SH2, respectively, via changing the configuration of SH2, SH3 and SH2-linker sites 8 . The three-dimensional (3D) structure of c-Src was elucidated for the structural features responsible for its biological functions 9, 10 . In the past 25 years, a plethora of studies have demonstrated that the c-Src plays an important role in the signalling changes in the steps of cellular adhesion and motility 11 , as well as in the growth, progression and metastasis of a variety of human malignancies. Elevated c-Src activity/expression was associated with colon, breast, pancreas, lung and brain cancer, and osteoporosis 12, 13 . Therefore, c-Src has been recognized as an important therapeutic target to design a novel and potent inhibitors 14, 15 . In this paper, we employed the pharmacophore modelingbased virtual screening and molecular docking to identify the new potent scaffolds to inhibit the c-Src activity. To proceed with these studies, different inhibitors with their corresponding half maximal inhibitory concentration values (IC 50 ) estimated with the equal bioassay have been collected from various literatures. Top 10 hypotheses were generated and Hypo1 was selected as a best hypothesis based on various validation methods such as Fisher randomization, test and decoy sets. The Hypo1 was used as 3D structural query in virtual screening and the screened molecules were further filtered out by applying Absorption, Distribution, Metabolism, Excretion and Toxicity (ADMET), Rule of five and molecular-docking techniques. Moreover, Bayesian model was also generated from the e-training set compounds to find the suitable fragments for c-Src inhibitors.
Material and methods

Pharmacophore modeling
Discovery Studio v2.5 (DS, Accelrys, San Diego, CA) software package was used to run all the calculations. Identification of the critical pharmacophoric features is important to design potent c-Src inhibitors. Feature mapping and 3D QSAR pharmacophore generation modules were used to identify the vital chemical features and to generate the pharmacophore models based on their activity values, respectively. The overall workflow is shown in Figure 1 .
Data set preparation
For the generation of pharmacophore model, 73 c-Src inhibitors with their corresponding IC 50 values were collected from various literatures [16] [17] [18] , which were tested with the same biological assay. The total 73 compounds were divided into training (33 compounds) and test sets (40 compounds) based on the principles of structural diversity and wide coverage of activity data. All 2D structures of the compounds were built using MDL-ISIS Draw v2.4 (Frankfurt, Germany) and exported into DS to convert into 3D format. The CHARMm force field was applied to minimize each compound 19, 20 and a maximum number of 255 conformers were generated for each compound using the Best conformational analysis method. The training and test sets compounds with good conformation were submitted to generate the quantitative hypotheses and to validate the generated hypotheses, respectively.
Pharmacophore generation
One of the most important steps in pharmacophore generation is to select the suitable chemical features. Hence, all the training set molecules were subjected to Feature mapping protocol to find the important chemical features present in known c-Src inhibitors. Hydrogen bond acceptor (HBA), hydrogen bond donor (HBD), ring aromatic (RA) and hydrophobic aromatic (Hy-Ar) chemical features were selected with the parameters of minimum ''0'' to maximum of ''5'' and all other default parameters were also used in pharmacophore model generation. Automated 3D-QSAR pharmacophore generation module was used to generate the hypothesis by utilizing the experimental activity values (IC 50 ) of training set compounds. While generating the quantitative model, a minimum of 0 to a maximum of 5 features were selected to build a series of hypotheses. Ten quantitative pharmacophore models were generated with corresponding statistical parameters such as cost values, root mean square (RMS) and fit values. The best quality hypothesis was selected based on the statistical parameters as well as the Debnath's analysis 21, 22 .
Pharmacophore model evaluation
A good pharmacophore model should fulfil some of the criteria such as good correlation coefficient, high cost difference, the lowest total cost and lowest RMS values as well as the total cost should be close to the fixed cost and it should be away from the null cost 23 . The Fischer's randomization method was applied to select the best pharmacophore model from the 10 generated hypotheses. To confirm the predictive ability of the best hypothesis, the best pharmacophore model was further crossvalidated by test set 24 and decoy set 21, 22 . In Fischer's randomization method, to achieve 98% significance of the best hypothesis, 49 random training sets with shuffled activity values were created from the original training set to generate 49 different pharmacophore models in Fischer's randomization method.
Test set was used to predict the correlation value between the experimental and predicted activity values of the external molecules which are not present in the training set. To ascertain the broadness of pharmacophore predictability, the test set consisted of structurally diverse chemical compounds from the training set.
Decoy set was used to determine how well the best hypothesis could differentiate potential c-Src inhibitors from other compounds, respectively. Decoy set was used to validate the best pharmacophore model by calculating an enrichment factor (EF) and goodness of hit (GH). The decoy set was prepared by calculating the 1D property of 15 active inhibitors of c-Src and 1285 inactive or unknown compounds. The EF and GH were calculated using the following equations:
where H a is the total number of actives molecules in the hit list, D is total number of molecules in the decoy set, H t is the total number of hit molecules from the databases and A is the total number of actives in the decoy set. The EF and GF values prove the specificity and the selectivity of the best pharmacophore model. biological receptor. The best pharmacophore model was used as a 3D structural query for retrieving the potent molecules from various chemical databases such as NCI 25 , Maybridge 26 and Chembridge 27 . Initially, 255 conformers were generated for each molecule in the chemical databases using Fast Conformer Generation method. The hit compounds were further filtered by applying the ADMET tool, Lipinski's rules of five 28, 29 , and the drug-like molecules were subsequently subjected to the molecular-docking technique. The drug-like properties were applied to improve the pharmacokinetics properties of the compounds.
Structure-based molecular-docking protocol
The LigandFit 21, 30, 31 , molecular-docking program was used to identify the suitable binding mode of the ligands in protein active site as well as to predict the binding affinity between them. The crystal structure of c-Src (PDB ID: 2BDJ) complex 32 retrieved from Protein Data Bank (PDB, www.rcsb.org) was used as the receptor protein.
Initially, protein was prepared for the docking process by removing all the water molecules except few water molecules in the active site of c-Src and the CHARMm force field was applied using Simulation tool. The protein active site is represented as a binding site for ligands that can be identified by applying two methods: (i) eraser algorithm which is based on the receptor shape and (ii) volume occupied by known ligand in the active site 31 . Here, we employed the second strategy to identify the protein active site. To evaluate the accuracy of docking programs, cocrystal molecule was sketched and docked into c-Src active site. The docked pose was superimposed on the co-crystal bound conformation to calculate the RMS deviation. The 33 molecules (training set) and 85 hit molecules from the virtual screening were docked into the c-Src active site. Conformation of each ligand was generated by applying the Monte Carlo simulation and flexible fit was selected. Herein, the maximum of 10 poses for each ligand were selected, and the RMS and score threshold were set to 1.50 Å and 20 kcal mol
À1
, respectively. Scoring functions are based on the assumption that binding affinity can be described as a sum of independent terms. The scoring functions such as piecewise linear potential 1 (PLP1) 33 , piecewise linear potential 2 (PLP2), potential of mean force 04 (PMF04) 34 , Dock score, Jain 35 , LigScore1, LigScore2 36 and LUDI 37 as well as the consensus score were used. Each of the saved conformations was evaluated and ranked using the consensus scoring 38 function which included LigScore1, LigScore2, PLP1, PLP2, JAIN, PMF and LUDI. They are required to select the best docked pose of the candidate compounds in receptor binding sites, to select probable binding modes and to discriminate the binders from non-binders. Finally, the molecules that showed good agreement with consensus scoring were selected, which were manually validated 
where h denotes the model, d is the observed data, P(h) indicates the prior belief (probability of pharmacophore model h before observing any data), P(d) is the data evidence (marginal probability of the data), P(d/h) is the likelihood (probability of data d if pharmacophore model h is true) and P(h/d) is the posterior probability (probability of pharmacophore model h being true given the observed data d). It generates a large set of Boolean features from the input 2D descriptors. The main aim to calculate the descriptors is to identify which descriptors correlate well with the biological activity of the compounds. The model collects the frequency of occurrence of each feature in the active subset present in all data samples. The following steps are applied to generate the model: (i) the features of the sample are generated, (ii) weight is calculated for each feature using a Laplacianadjusted probability estimate, (iii) the weights are summed to Ligand-based pharmacophore model for c-Src inhibitors 73 provide a probability estimate which is a relative predictor of the likelihood of that sample being from the good subset and (iv) Laplacian-corrected estimator is used to adjust the uncorrected probability estimate of a feature to account for the different sampling frequencies of different features. The value of 1 was set to all the active compounds and 0 value was used for inactive compounds. The generated model was validated by leave-one-out cross-validation information. For the test set validation, the best split was calculated by picking the split that minimized the sum of the percent misclassified for category members and for category non-members, using the cross-validated score for each sample 41 . A contingency table is constructed which contains the number of true positives (TP), false negatives (FN), false positives (FP) and true negatives (TN) 42 .
Results and discussion
Pharmacophore generation
The quality of pharmacophore is directly proportional to the goodness of molecules present in the training set. The training set contains 33 compounds (Figure 2 ) which fulfilled the necessary criteria to produce the good quantitative hypothesis: (i) by covering a wide activity range of five orders of magnitude (0.15-100 000 nM), (ii) the highly active, moderate and inactive compounds were included, (iii) training set compounds bind the same target in a similar way and (iv) activity values (IC 50 ) for each compound were reported by homogeneous procedures (kinase inhibition assay). The training set compounds were grouped into three classes based on their IC 50 values such as highly active (IC 50 52 nM), moderately active (2 IC 50 200 nM) and inactive compounds (IC 50 4200 nM).
3D-QSAR Pharmacophore Generation module was used to construct the pharmacophore model by utilizing HBA, HBD, RA and Hy-Ar pharmacophoric features. These chemical features were selected based on the chemical features present in the training set molecules using Feature mapping module. Top 10 resultant pharmacophore models were generated from training set and their corresponding statistical parameters were used to select the best pharmacophore model (Table 1) . Mainly three parameters reflect the quality of pharmacophore model: (i) RMS 43 indicates Figure 6 . 2D structure of the test set molecules used in the validation of Hypo1.
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the quality of prediction pharmacophore model, (ii) correlation coefficient which is based on linear regression derived from the geometric fit index and (iii) cost difference is important for statistical relevance. The best pharmacophore model should have the lowest RMS, best correlation coefficient and highest cost difference. Hypo1 was selected as a best pharmacophore model based on the lowest RMS (0.64), highest cost difference (90.52) and correlation coefficient (0.97). Fixed and null costs are the two important theoretical cost calculations to determine the success of pharmacophore model. Fixed cost, also known as ideal cost represents the simplest model that fits all data perfectly. Null cost represents the highest cost of a pharmacophore with no features and estimates the activity of training set molecules. A significance of the pharmacophore model has been predicted based on the difference between null and fixed cost value (cost difference). If the cost difference is between 40 and 60 bits, it indicates that the pharmacophore model has 75-90% probability of correlating the data 21 . The fixed cost, total cost and null cost for Hypo1 are 126.83, 135.76 and 226.28, respectively. The difference between the null and fixed cost values is 90.52, which indicates that Hypo1 has above 90% probability of correlating the data. Two other parameters also determine the quality of pharmacophore model such as configuration cost and error cost. Configuration cost is dependent on the complexity of pharmacophore model space and should have a value less than 17 and error cost depends on the RMS deviation between the estimated and actual activity data. Hypo1 shows the configuration cost of 14.71, which was used to estimate the activity value of all training set compounds.
Hypo1 ( Figure 3 ) consists of four chemical features such as one feature from each HBA, HBD, Hy-Ar and RA; the distance between every two features is summarized in Table 2 . The experimental and predicted activity values of training set and the corresponding error values are shown in Table 3 . Error is the ratio of predicted activity to estimated activity. Predicted IC 50 values of most of the training set compounds were found to be within the same order of magnitude.
All the training set compounds are predicted in their same order of magnitude except one active was underestimated as moderately active and one moderately active compound overestimated as active. The most active compound 1 (IC 50 : 0.15 nM) has a fitness score value of 10.02 (Figure 4a ) when mapped with Hypo1, whereas the least active compound 33 (IC 50 : 100 000 nM) shows lesser value of 5.26 (Figure 4b ). Fit value indicates how well the features in the pharmacophore overlap the chemical features present in the molecule and thereby aid in understanding the chemical meaning of the pharmacophore model.
Pharmacophore validation
The selected best pharmacophore model, Hypo1, was validated by three different methods such as Fischer's randomization method, test and decoy sets to check whether it has an ability to differentiate between the active and inactive compounds during screening process.
Fischer's randomization method
This method was applied to evaluate the statistical relevance of Hypo1. Fischer randomization program scrambled the activity values randomly from training set compounds to construct new pharmacophore model using the same input parameters which were used in the generation of original pharmacophore model. This method checks whether there is any strong correlation between the structures and activity values. The confidence level was set to 98%, so totally, 49 random spreadsheets were generated from the shuffled activity values from the training set compounds. The total costs of 49 random generated pharmacophore models are much higher than the Hypo1 ( Figure 5) . The above results provide 98% confidence level on Hypo1, which is not generated by a chance and it represents a true correlation in the training set activity data. Goodness of hit score* (GH) 0.87
Test set method
An independent test set was used to examine whether the selected best hypothesis is capable to predict the activities of external compounds in the same order of magnitude or not. Test set contains 40 structurally diverse compounds ( Figure 6 ) from training set molecules and prepared as training set. Hypo1 was regressed against the 40 compounds which showed good correlation coefficient value of 0.93 between the experimental and predicted activity values. Overall, all highly active, inactive and 12 of 18 moderately active compounds were predicted correctly ( Table 4) . The four and two moderately active compounds were overestimated as active and underestimated as inactive compounds, respectively. Most of the experimental and predicted activity values of the compounds are in the same order of magnitude. The average error values are less than one order of magnitude which indicate that Hypo1 contains the key chemical features which are crucial for the inhibitors to block the activity of c-Src.
Decoy set
Decoy set was used to validate how well Hypo1 can discriminate the selective c-Src inhibitors from the decoy database. For this validation the database (D) of 1300 molecules was taken, which included 15 active (A) and 1285 inactive inhibitors of c-Src. During the screening process, Hypo1 picked 18 molecules (H t ) from the database (D), 15 were active inhibitors (H a ) of c-Src among these molecules. The calculated GH and EF values for Hypo1 were 0.87 and 7.2, respectively. GH score gives a good indication of how good the hit list is with respect to a compromise between maximum yield and maximum of active retrieved. In the best case, GH value should be 1, in our cases the value is 0.87 ( Table 5 ) which indicates that the Hypo1 has a very good ability to retrieve the active compounds from database. Finally, Hypo1 was selected as the best pharmacophore model and it was used as 3D query to retrieve the novel scaffold for c-Src inhibitors from various databases such as NCI, Maybridge and Chembridge.
Pharmacophore model-based virtual screening
Virtual screening of databases is an effective alternative technique for high throughput screening in drug discovery process. In drug discovery process, an automated computational tool of virtual screening is one of the important techniques to discover the novel scaffolds for the drugs 44 . The ascertained Hypo1 was used as 3D structural query for retrieving the novel compounds from chemical databases such as NCI, Maybridge and Chembridge, which consist of 200 000, 60 000, and 50 000 compounds, respectively. As an initial screening, Hypo1 screened 8110, 21 037 and 18 656 molecules from NCI, Maybridge and Chembridge, respectively. The screened molecules were further sorted out by applying the fit value of greater than 10 (maximum fit value for the active compound in the training set); 191, 239 and 127 molecules were chosen from NCI, Maybridge and Chembridge databases, respectively. The molecular flexibility, the total number of HBA and HBD are found to be important predictors for a compound to have a good oral bioavailability. Hence, rule of five was used to sort the hit compounds from all the three databases. Totally, 39 471 compounds satisfied the following rule of five 28, 29 such as when they possess LogP less than 5, molecular weight less than 500, number of hydrogen bond donors less than 5, number of hydrogen bond acceptors less than 10 and number of rotatable bonds less than 10. The molecules which passed the rule of five were further sorted by applying ADMET to make them more drug-like properties. ADMET properties calculate the values of BBB penetration, solubility, Cytochrome P450 (CYP450), 2D6 inhibition, hepatotoxicity, human intestinal adsorption (HIA) and plasma protein binding (PPB) to access a broad range of toxicity measure of the ligands. Among all these criteria, we mainly focused on BBB, solubility and HIA. The solubility predicts the solubility of each compound in water at 25 C. It has six prediction levels such as extremely low (0), very low (1), low (2), good (3), optimal (4) and too soluble (5). The BBB predicts whether the compounds will be able to pass the BBB or not. The ability of the compounds to pass the BBB was divided into four levels such as very high penetration (0), high (1), medium (2) and very low (3). The HIA is defined as a percentage absorbed rather than as a ration of concentration. A well-absorbed compound is one that is absorbed at least 90% into the blood stream in humans. The four prediction levels for HIA were good (0), moderate (1), poor (2) and very poor (3). Hence, we selected compounds that showed a good solubility, HIA, BBB level of 3, 0 and 3, respectively. Finally, 85 compounds from the three chemical databases were selected for molecular-docking study.
Structure-based molecular-docking studies
Pharmacophore modeling and molecular-docking studies are the two important methods in computer-aided drug discovery process. Molecular docking was applied to find the accurate binding orientation of ligand in protein active site. In order to refine the retrieved hits, the screened compounds from the databases were docked into the active site of c-Src using LigandFit. The 3D structure (PDB ID: 2BDJ) of c-Src was taken from PDB based on the resolution and the deposited date. 2BDJ is a complex with potent and selective tri-substituted purine-based compounds and the structure was modified in 2009. All the hit molecules (85) and 33 training set compounds were minimized and subsequently docked into the c-Src binding site. The consensus scoring was performed using various scoring functions such as PLP1, PLP2, PMF04, dock score, Jain, LigScore1, LigScore2 and LUDI. By applying the consensus scoring value, most of the active compounds present in training set were screened. Hence, this value was used to sort the hit molecules from the databases in the docking process. Based on the consensus scoring function, 30 compounds were selected as good leads. The 30 compounds were further validated by checking their critical hydrogen bond and hydrophobic interactions with vital amino acids present in c-Src active site. The c-Src protein has two different inhibitor binding modes: first one involved in the hydrogen bonding network with NH group of Met341 as a donor and the backbone carbonyl group of Glu339 as an acceptor, an additional hydrogen bond was formed in the solvent accessible area. The second binding mode shows the hydrogen bond between NH and CO of Met341 backbone interacted with appropriate inhibitor. The overall analysis suggested that the network of hydrogen bonds with Met341, Thr338 and Glu339 are the critical amino acids for the binding of the inhibitors within the hinge region of c-Src. Hence, the molecules which showed a hydrogen bond interaction with Met341, Thr338, either with Glu339 or Asp404 are considered as potent inhibitors of c-Src. From NCI database, two out of seven molecules, Maybridge 14 out of 20 compounds and from Chembridge two out of three molecules showed very good hydrogen bonds with all the critical amino acids (Figure 7) . Finally, 18 molecules were selected based on the consensus score and the hydrogen bond interactions with the critical amino acids. In the inclusive analysis, these final compounds could act as a good candidate compounds to inhibit the activity of the c-Src. Thus, Hypo1 will act as a valuable tool in retrieving a novel scaffold for c-Src inhibitors.
Bayesian model
Bayesian model was used to identify the vital fragment present in the scaffold of the c-Src inhibitors to inhibit the activity. The inhibitors were classified into active and inactive compounds based on their IC 50 values. Inhibitors that showed a value less than 2 nM and a value greater than 2 nM were designated as active and inactive by assigning a value of 1 and 0, respectively. The calculated 2D descriptors are ALogP types Daylight Path-based Fingerprints with a diameter of 10 (LPLP10), molecular weight, number of aromatic rings, number of acceptors, number of donors, number of rings, number of rotatable bonds and molecular fractional polar surface. These descriptors were assigned as independent variables to generate a model. The good and bad fragments of c-Src inhibitors are shown in Figures 8 and 9 , respectively. The generated model was validated by receiver operating characteristic (ROC) plot based on the leave-one-out cross-validation. In our case, the leave-one-out cross-validation ROC plot value was 0.94 ( Figure 10 ), which indicated that our model was excellent in distinguishing between the active and inactive. The ROC value indicates the accuracy of the model, how often the model correctly identifies the true positive and the true negative. Area under the curve plot was generated and the value indicates how often the model correctly identifies the true positive and the true negative as well as this can be used to classify the accuracy of the generated model. If the value is between 0.8 and 0.9, the model is considered as good and the value above 0.9 shows the excellent predictive power of the model 42 . Each sample was left out one at a time, and a model was built using the results of the samples, predicted the left-out sample. In the test set validation, the best spilt was calculated by picking the split that minimized the sum of the percent misclassified for category members and nonmembers. The contingency table was produced using the split which showed that all the active (17) compounds were predicted correctly and 1 inactive compound was overestimated as active ( Table 6 ). The LPFP finger prints revealed that 20 different functional groups present in the inhibitors play a crucial role in inhibiting the activity of c-Src (Figure 9 ). The generated enrichment shows the percentage of the true category members captured at a particular percentage cut-off. The category statistics result explains the number of members and non-members and their corresponding mean prediction for each subset along with and the estimated deviation of the predictions for each subset ( Table 6) . The above validation confirms that our Bayesian model is able to predict the active and inactive inhibitors of c-Src.
Conclusions
In this work, activity-based 3D pharmacophore models of c-Src inhibitors have been developed with the aid of HypoGen algorithm implemented in DS. A highly predictive pharmacophore model, Hypo1, was selected as the best pharmacophore model from the 10 pharmacophore models. Hypo1 contains four features: one HBA, one HBD, one Hy-Ar and one RA. Hypo1 shows the lowest total cost value (135.76), the highest cost difference (90.51), the lowest RMS (0.64) and the best correlation coefficient (0.97). Fischer's randomization method gives 98% confidence level and the test set shows a fairly good correlation between the experimental and the predicted IC 50 values (correlation coefficient of 0.93), indicating a good predictive capability of Hypo1. The EF and GH values calculated from the decoy set also support that Hypo1 is able to distinguish the active from inactive c-Src inhibitors. Hence, Hypo1 was used to search the databases such as NCI, Maybridge and Chembridge and the hits were filtered by ADMET, Lipinski's rule of five and molecular docking to refine the retrieved hits. Finally, 18 compounds were selected as potent inhibitors of c-Src. Bayesian model is generated from 30 molecules selected from the training set which revealed the suitable and not suitable chemical fragments present in the c-Src inhibitors. Thus, we conclude that Hypo1 truly reflects the features of c-Src inhibitors and should be helpful in identifying novel lead compounds with improved c-Src inhibitory activity through 3D database searches. Ligand-based pharmacophore model for c-Src inhibitors 79
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